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ABSTRACT 
A multi-resource multi-stage scheduling methodology is developed to solve short-term open-pit 
mine production scheduling problems as a generic multi-resource multi-stage scheduling 
problem.  It is modelled using essential characteristics of short-term mining production 
operations such as drilling, sampling, blasting and excavating under the capacity constraints of 
mining equipment at each processing stage.  Based on an extended disjunctive graph model, a 
shifting-bottleneck-procedure algorithm is enhanced and applied to obtain feasible short-term 
open-pit mine production schedules and near-optimal solutions. The proposed methodology and 
its solution quality are verified and validated using a real mining case study.    
Keywords: open-pit mining; mine production; multi-resource multi-stage scheduling; shifting-
bottleneck-procedure algorithm 
INTRODUCTION 
Mining activities have been carried out by humans for millennia.  Nowadays, mining activities 
take place all over the world and become a major source of a country’s natural wealth.  Mining 
methods are mainly divided into two groups: open-pit mining and underground mining.  This 
paper is concerned with open-pit mine production process.  Modern mining is a complicated 
procedure that may necessitate huge expenditure and sustain over many years.  The time 
horizons to operate an open-pit mine can be quite varied.  As a standard convention, they are 
usually classified into long-term, mid-term and short-term time horizons.  In a long-term time 
horizon, the mining industry practitioners are interested in making strategic decisions whether 
to explore a mine and how to determine the contours of this mine to maximise the long-term net 
present value.  In a mid-term time horizon, the mine industry practitioners commonly need to 
aggregate the production targets by sequencing the blocks that are to be mined over periods for 
satisfying mid-term demands.  In comparison, the decisions made in a short-term horizon are 
operational decision making, such as allocation of mining equipment, detailed production 
scheduling, personnel scheduling, etc.  As such, these day-to-day decisions tend to be of the 
very specific focus on narrow entities over short time intervals.  In terms of this time-horizon 
classification, a related brief literature review on long-term, mid-term and short-term open-pit 
mining optimisation problems is presented in the following.   
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In a long-term time horizon, the vital objective is to determine the ultimate pit limit or mine 
contour that yields the maximum long-term net present value based on the estimated geological 
information.  To design a pit, the entire volume is divided into blocks with the weighted value 
of each block.  As pioneers, Lerchs and Grossmann (1965) presented to the mining community 
the methodology known as Lerchs-Grossmann approach for long-term open-pit mine design: a 
dynamic-programming algorithm for two-dimensional (2D) block model; a network flow 
algorithm for three-dimensional (3D) block model.  Caccetta and Giannini (1988) and 
Underwood and Tolwinski (1998) proposed several mathematical theorems in order to improve 
the Lerchs-Grossmann approach.  Nowadays, due to its simplicity and usefulness, the 2D and 
3D block models as well as Lerchs-Grossmann approach with its subsequent extensions and 
improvements have been commonly implemented by most off-the-shelf commercial mining 
software packages for long-term open-pit mine design.  In addition, the following important 
papers dealt with mid-term open-pit block sequencing problems.  Caccetta and Hill (2003) 
proposed a general mixed-integer-programming (MIP) model to maximise the profit in mid-
term time periods over which the blocks are sequenced.  Boland et al (2009) developed a 
column generation approach for solving this type MIP model, in which blocks are aggregated 
for reducing the problem size.  Bley et al (2010) improved this MIP formulation by adding 
inequalities derived by combining the precedence and production constraints.   
However, most mine block sequencing models in the literature are not multi-resource multi-
stage scheduling models in a rigorous sense.  In multi-stage scheduling systems, each job 
consists of several operations that are processed at various operational stages under resource 
capacity constraints.  Moreover, time elements (e.g., setup times, starting times and completion 
times) of operations of each job and sequences of operations on each machine are key decision 
variables of multi-stage scheduling problems but they are not embedded in block sequencing 
models.  According to recent comprehensive literature review (Newman et al, 2010; Kozan and 
Liu, 2011) on the applications of Operations Research to mining industries, multi-resource 
multi-stage scheduling methodologies have not been explored yet for short-term mine 
production scheduling optimisation.  In a sense, this paper would be pioneering to investigate 
short-term mine production scheduling abbreviated as SMPS, in which each mining job 
consists of several operations (e.g., Drilling, Blasting, Excavating) and the number of 
equipment units (e.g., Loaders, Drills, Shovels, Trucks) at various operational stages for 
processing the specified operations are multiple but finite.   
ANALYSIS OF SMPS  
The flow process of main short-term mine production operations is analysed based on our 
observation, detailed information from mining engineers and data collection at the Australian 
iron ore mine site.  In SMPS, the objective is to allocate mining equipment (resources) over 
time to perform the short-term mine production operations of each mining job so that the 
maximum completion time is minimised.  In the open-pit mine geometry at this mine site, a 
“block” is the smallest unit usually with the average 25 meters in width, 25 meters in length and 
in 15 meters in height.  In this paper, an aggregation of selected blocks on the same bench and 
in the same grade group to be cleared, drilled, sampled, blasted and extracted at the same 
production rate is called an “aggregate” that is also defined as “a mining job” in the SMPS 
model in term of the realistic short-term mine production flow process at this mine site.   
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In SMPS all mining jobs are considered independent and ready for processing in a short-term 
scheduling horizon.  Each mining job (i.e., an aggregation of selected blocks on the same bench 
and in the same grade group) will be processed at several operational stages.  In the first 
operational stage, the operation of vegetation clearing may be executed.  We define the key 
resource as the critical equipment at each operational stage.  The critical mining resource in the 
vegetation clearing operation is dozer.  After vegetation clearing, top soil in this aggregate is 
removed by loaders in the second operational stage.  The vital mining resource is loader in the 
task of top soil removal.  Note that the stages of vegetation clearing and top soil removal could 
be neglected in some situations as well in this paper.  In the third operational stage, each block 
of this aggregate is drilled for the purpose to collect the blasting block samples.  The critical 
resource in drilling stage is drill equipment.  In the fourth operational stage, collected ore 
samples in drilling operations are sent to laboratories for checking ore properties such as 
ingredients and density.  For the purpose of achieving a good fragmentation during blasting, the 
sampling results are used to determine blasting pattern such as the strength, density and volume 
of explosives.  In the fifth operational stage, Mobile Processing Units (MPUs) provide leading 
explosive equipment and blasting services.  At the last operational stage, blasted blocks are 
excavated by excavators and loaded to a fleet of trucks simultaneously. 
SOLUTION APPROACH 
SMPS is strongly NP-hard, as it is actually belongs to a special type of parallel-machine job-
shop scheduling according to our analysis.  Thus, a shifting-bottleneck-procedure (SBP) 
heuristic algorithm is enhanced based on the extended disjunctive graph model as shown in 
Figure 1 (Liu and Kozan, 2011 and 2012) for obtaining a high-quality feasible solution of 
SPMS.    
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Figure 1 – An extended disjunctive graph for short-term open-pit mine production scheduling 
with mine equipment capacities. 
The main framework of the proposed SBP algorithm particularly for multi-resource multi-stage 
scheduling is described as follows.  Firstly,              is defined as a compound set of 
directed arcs, where     is the subset of directed disjunctive arcs on Resource  .  In the 
procedure of the SBP algorithm, the partial directed disjunctive graph is defined as      
              ), where               is the set of scheduled resources.  The complete 
directed disjunctive graph              represents a schedule.  A feasible schedule requires 
that the     model is acyclic.   
The main enhanced procedure of the SBP algorithm for SPMS is described below.   
Step 1:  Set the initial partial directed disjunctive graph           .  
Step 2: Initialise the set of unscheduled resources  (      ) and the set of scheduled 
resources as empty      (      ). 
Step 3:  According to the current     , do: 
3.1: Decompose the multi-resource multi-stage scheduling problem into a set of 
single-stage scheduling subproblems for each unscheduled resource.  
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3.2: Solve the single-resource single-stage scheduling subproblems. 
3.3: Solve the multi-resource single-stage scheduling subproblems. 
Step 4:  Update the current     according to the solutions of decomposed subproblems. If 
incomplete, go to Step 3; go to Step 5 otherwise.  
Step 5:  Construct the complete directed disjunctive graph                 
               and obtain the final solution.  
For more details, please refer to our theoretic research work on SBP algorithm (Liu and Kozan, 
2012).  
COMPUTATIONAL RESULTS  
Algorithm Performance Evaluation 
The optimality performance of the proposed SBP algorithm has been evaluated based on the 
benchmark multi-stage scheduling data such as well-known Lawrence Job-Shop-Scheduling 
(JSS) data called LA01-40.   The computational results of these 40 JSS benchmark instanced 
are concluded in Table 1.  As shown in Table 3, the optimal solutions (equal to lower bound or 
known upper bound) of most instances (e.g., LA06-10, LA11-15, and LA31-35) can be quickly 
found by the proposed SBP algorithm. 
Table 1 – Computational results of the proposed SBP algorithm using benchmark data*. 
JSS Instances n m Average Deviation (%) Average Time (s) 
LA01-05 10 5 2.08 0.156 
LA06-10 15 5 0.39 0.281 
LA11-15 20 5 0.00 0.453 
LA16-20 10 10 10.13 0.829 
LA21-25 15 10 7.98 1.672 
LA26-30 20 10 6.03 2.734 
LA31-35 30 10 0.70 5.746 
LA36-40 15 15 15.48 4.961 
*n: number of mining jobs; m: number of stages; number of resource units at each stage is 1.  
 
For evaluating the solution quality or optimality performance, the SMPS lower bound (LB) on 
the makespan can be calculated by the following equations, where     is processing time of 
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mining job   at stage  ;    is the number of resource units used at stage      is the index of the 
bottleneck stage.   
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 (1) 
Moreover, we also compare the performance of CPLEX Optimiser and our proposed heuristic 
algorithm using a set of small-size SMPS instances with different number of mining jobs, as 
shown in Table 2.  The results indicate that in comparison to exact approach the proposed 
algorithm can find the high-quality solution.  
Table 2 – Computational results for comparing the proposed SBP algorithm with exact 
optimiser. 
SMPS 
Instances 
n 
LB 
(hrs) 
Exact Optimiser (CPLEX) 
 
SBP Heuristic 
Solution 
(hrs) 
CPU Time 
(s) 
Status 
 
Solution 
(hrs) 
Optimality Gap 
(%) 
CPU Time 
(s) 
1 6 1169.3 1298.0 0.471 Optimal 
 
1301.8 0.29 0.004 
2 7 1339.8 1458.7 1.014 Optimal 
 
1506.4 3.27 0.007 
3 8 1427.5 1584.2 2.169 Optimal 
 
1707.0 7.75 0.011 
4 9 1771.6 1771.6 5.382 Optimal 
 
1808.3 2.07 0.014 
5 10 1829.7 1875.7 9.956 Optimal 
 
1955.6 4.26 0.032 
 
A Case Study 
Computational results are based on a case study from the Australian iron ore mine.  Some input 
data of the SMPS case study are given in Table 3 and explained as follows. 
Table 3 - Input data of a SMPS case study. 
Mining 
Jobs 
Tonnes 
(t) 
Volume 
(m3) 
Surface 
(m2) 
Blocks 
(units) 
Metres 
(m) 
Drilling time 
(hrs) 
Digging time 
(hrs) 
J0 390623.01 130207.68 8681 87 3070.01 62.41 186 
J1 1037761.06 345920.35 23061 231 7977.78 159.56 494 
J2 1208077.00 402692.33 26846 269 8931.00 178.62 575 
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Mining Jobs 
 J0, J1 ,…, J17: 18 drilling, blasting and excavating jobs in a scheduling horizon.   
Operational Stages 
 M0: drilling stage 
 M1: blasting stage 
 M2: excavating stage 
Resources at Operational Stages 
 Stage M0: two drilling equipment with the average drilling rate: 50 meters/hour and 
average setup time: 5.0 hours. 
 Stage M1: two blasting MPUs with average blasting rate: 12 hours/job and average 
setup time: 48 hours.  
 Stage M2: five excavators with average excavating rate: 2100 ton/hour and average 
setup time: 1.5 hours.  
 
J3 1495578.00 498526.00 33235 333 10559.00 211.18 712 
J4 1667779.82 555926.61 37062 371 12446.05 248.92 794 
J5 1679471.77 559823.92 37322 374 12747.66 254.95 800 
J6 1537688.50 512562.83 34171 342 12559.66 251.19 732 
J7 1540894.35 513631.45 34242 343 11970.76 239.42 734 
J8 1578326.65 526108.88 35074 351 11313.34 226.27 752 
J9 1317596.89 439198.96 29280 293 9483.23 189.66 627 
J10 1476847.51 492282.50 32819 329 10411.30 208.23 703 
J11 1696359.63 565453.21 37697 377 13040.79 260.82 808 
J12 1406196.12 468732.04 31249 313 10887.07 217.74 670 
J13 1308288.19 436096.06 29073 291 9376.40 187.53 623 
J14 1682759.42 560919.81 37395 374 11757.43 235.15 801 
J15 1302138.69 434046.23 28936 290 9462.43 189.25 620 
J16 1439607.86 479869.29 31991 320 10312.59 206.25 686 
J17 1055972.69 351990.90 23466 235 7500.38 150.01 503 
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Case Study Results 
Some results of the case study are given in Tables 4 and 5.  In this case study, it is validated that 
the near-optimal schedule could significantly reduce the makespan from 178 days (4279.6 hours) 
of an initial schedule in Table 4 to 123 days (2953.4 hours) of the near-optimal schedule in 
Table 5, which implies that the production procedure could be at least accelerated by 55 days 
after optimisation. The lower bound of this case study is calculated as 2519.8 hours by Equation 
(1).   
As we know, most of initial feasible schedules in the mining company are still manually 
constructed without considering the capacity of mining resources.  The case study is based on 
the real-life data provided by the mining company in Australia. The comparison between an 
initial feasible solution (manually constructed by mining staff) and the near-optimal solution 
(obtained by the proposed algorithm) shows that the optimisation method is very important for 
improving mine production efficiency. 
Table 4 – An initial feasible solution of the SMPS case study. 
Mining 
Jobs 
Drilling Stage 
 
Blasting Stage 
 
Excavating Stage 
iThUnit ETime PTime CTime iThUnit ETime PTime CTime iThUnit ETime PTime CTime 
J0 0 592.5 61.4 653.9 0 701.9 36.0 737.9 3 739.4 186.0 925.4 
J1 0 3516.3 159.6 3675.9 1 3723.9 60.0 3783.9 3 3785.4 494.2 4279.6 
J2 0 1715.7 178.6 1894.3 1 1942.3 48.0 1990.3 3 1991.8 575.3 2567.1 
J3 1 1297.3 211.2 1508.5 0 1556.5 60.0 1616.5 4 1618.0 712.2 2330.2 
J4 0 1043.4 248.9 1292.3 0 1340.3 60.0 1400.3 0 1401.8 794.2 2196.0 
J5 1 2294.4 255.0 2549.5 0 2597.5 60.0 2657.5 4 2659.0 799.7 3458.7 
J6 0 5.0 251.2 256.2 0 304.2 48.0 352.2 1 353.7 732.2 1085.9 
J7 1 2554.5 239.4 2793.9 1 2841.9 60.0 2901.9 3 2903.4 733.8 3637.2 
J8 0 3090.8 226.3 3317.1 1 3365.1 72.0 3437.1 0 3438.6 751.6 4190.2 
J9 0 658.9 189.7 848.6 0 896.6 60.0 956.6 2 958.1 627.4 1585.5 
J10 1 379.3 208.2 587.5 1 635.5 60.0 695.5 0 697.0 703.3 1400.3 
J11 1 1513.5 260.8 1774.3 1 1822.3 72.0 1894.3 1 1895.8 807.8 2703.6 
J12 1 2798.9 217.7 3016.6 1 3064.6 60.0 3124.6 1 3126.1 669.6 3795.7 
J13 1 3021.6 187.5 3209.1 0 3257.1 60.0 3317.1 2 3318.6 623.0 3941.6 
J14 0 1899.3 235.1 2134.4 1 2182.4 60.0 2242.4 0 2243.9 801.3 3045.2 
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J15 0 3322.1 189.2 3511.3 1 3559.3 60.0 3619.3 4 3620.8 620.1 4240.9 
J16 0 261.2 206.3 467.5 0 515.5 72.0 587.5 4 589.0 685.5 1274.5 
J17 1 2139.4 150.0 2289.4 0 2337.4 72.0 2409.4 2 2410.9 502.8 2913.7 
 
Table 5 – A near optimal solution of the SMPS case study. 
Mining 
Jobs 
Drilling Stage 
 
Blasting Stage 
 
Excavating Stage 
iThUnit ETime PTime CTime iThUnit ETime PTime CTime iThUnit ETime PTime CTime 
J0 0 288.9 61.4 350.3 0 398.3 36.0 434.3 4 435.8 186.0 621.8 
J1 1 2190.1 159.6 2349.7 0 2397.7 60.0 2457.7 0 2459.2 494.2 2953.4 
J2 0 2091.4 178.6 2270.0 1 2318.0 48.0 2366.0 2 2367.5 575.3 2942.8 
J3 1 1818.9 211.2 2030.1 1 2078.1 60.0 2138.1 1 2139.6 712.2 2851.8 
J4 0 1152.5 248.9 1401.4 0 1449.4 60.0 1509.4 3 1510.9 794.2 2305.1 
J5 0 355.3 255.1 610.4 0 658.4 60.0 718.4 4 719.9 799.7 1519.6 
J6 0 5.0 251.2 256.2 1 304.2 48.0 352.2 0 353.7 732.2 1085.9 
J7 0 654.4 239.4 893.8 1 941.8 60.0 1001.8 2 1003.3 733.8 1737.1 
J8 1 227.7 226.3 454.0 1 502.0 72.0 574.0 1 575.5 751.6 1327.1 
J9 1 1439.4 189.7 1629.1 0 1677.1 60.0 1737.1 2 1738.6 627.4 2366.0 
J10 0 1406.4 208.2 1614.6 1 1662.6 60.0 1722.6 0 1724.1 703.3 2427.4 
J11 0 1763.3 260.8 2024.1 0 2072.1 72.0 2144.1 4 2145.6 807.8 2953.4 
J12 1 5.0 217.7 222.7 0 270.7 60.0 330.7 2 332.2 669.6 1001.8 
J13 1 1224.1 187.5 1411.6 1 1459.6 60.0 1519.6 4 1521.1 623.0 2144.1 
J14 1 984.0 235.1 1219.1 1 1267.1 60.0 1327.1 1 1328.6 801.3 2129.9 
J15 1 789.8 189.2 979.0 0 1027.0 60.0 1087.0 0 1088.5 620.1 1708.6 
J16 1 459.0 206.3 665.3 1 713.3 72.0 785.3 3 786.8 685.5 1472.3 
J17 1 2035.1 150.0 2185.1 0 2233.1 72.0 2305.1 3 2306.6 502.8 2809.4 
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More importantly, with the application of the proposed SMPS methodology, mining managers 
are able to ensure that resources are properly assigned and synchronised in the most effective 
manner.   
CONCLUSIONS 
In this paper, we model the basic short-term open-pit mine production scheduling problem as a 
standard multi-resource multi-stage scheduling problem.  A shifting-bottleneck-procedure 
algorithm is enhanced and applied to solve the problem.  Based on an insight-provoking case 
study using real-life mining data, the proposed scheduling methodology would be generic and 
widely applicable to mining industry.  Moreover, it could help to determine the detailed time 
elements of mining equipment at various operational stages under capacity constraints in an 
algorithmic way instead of onerous manual input by mining staff.  To further improve the mine 
production efficiency, lot-steaming scheduling models will be applied by optimally splitting a 
large mining job to accelerate mine production procedure.  More research works also need to be 
conducted to investigate important characteristics of planned and unplanned resources 
maintenance activities using rescheduling techniques.   
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